Abstract: Nowadays, in China, there exist obvious regional economic differences. However, narrowing such differences involves solving the problem of regional innovation differences. Furthermore, regional innovation capability disparity is an important factor in explaining the imbalances between regional economic development and international economic development. Hence, the study first adopts the Theil index decomposition formula to analyze innovation difference and evolution law in China and its four regions during 1998-2013 from the perspective of high-tech industries. The study explains the reasons for the differences in regional innovation capability on the spatial and factorial levels. The study then analyzes the convergence of innovation capability on different space-scales by applying the spatial panel of the β convergence model. The analyses show that 2007 was the important inflection point in China's regional innovation capability difference pattern; since then, the convergence speed of regional innovation capability has accelerated significantly.
Introduction
This study aims to examine the innovation differences between regions as well as the corresponding evolution law and influencing factors, specifically based on space and factorial perspectives. Additionally, the study focuses on national and regional innovation capacity convergence to consider how far innovation capital input, R&D manpower input, and innovation culture impact this convergence. The motive power of innovation in science and technology (hereinafter referred to as "sci-tech") is indispensable for regional development and national prosperity, and the economic growth theory views such innovation as the core factor in regional economic development [1] . Therefore, whether a region is competitive in an increasingly fierce market or can maintain sustainable economic growth depends on its innovation capability.
The reasons for disparate development between regions are both superficial and deep. The superficial reason is simply the economic differences between regions. The deep reason is the innovation difference between regions and the difference between regional innovation resources and the active level of innovation activity [2] . From the perspective of a country, the more developed its regions are, the further its innovation capability and active level of innovation factors will proceed. The United States, for example, is highly developed in many of its regions, and its innovation capability and level of innovation factors are correspondingly advanced. The United States experiences disparate development between regions because of both of the above mentioned reasons. From the perspective of a region, the innovation difference can be regarded as a main reason for regional economic differences [3] , and thus the regional economic growth pole and regional innovation growth pole are super-positioned in geographical space [4] . In China, the Bohai Rim, one of the nation's three economic growth poles, has both economic and innovation advantages. The Bohai Rim hosts Zhongguancun, the first National Demonstration Zone, which has the most comprehensive scientific training systems and talent pool and possesses the soundest systems for the exchange of property rights and scientific and technological service. Thus, the first step in narrowing the regional economic differences is solving the problem of regional innovation differences. Furthermore, differences in regional innovation capability are an important factor in explaining the imbalances between regional economic development and international economic development [5] . Therefore, this study attempts to focus on the measurement of innovation disparity and the mechanism behind this disparity.
As illustrated below, in terms of innovation disparity, previous studies focused on regional comparison and tended to emphasize descriptive comparative analysis of the innovation status. They seldom utilized the professional gap measurement method to measure regional differences in China's innovation capability, and studies analyzing the difference evolution law are relatively few. Moreover, a deep understanding of the "space" and "factor" mechanisms, which result in such difference, is also scarce.
To solve these problems in the research status quo, this study proceeds along two main lines: (i) research on regional innovation capacity differences in China and its eastern, middle, western, and northeastern regions, as well as its evolution law and related factors' contributions, by adopting the Theil index and its decomposition formula; and (ii) research on national and regional innovation capacity convergence, as well as how far innovation capital input, R&D input, and innovation culture impact this convergence, by using the spatial panel β convergence model. Specifically, spatially, the study divides innovation capacity disparity into that within a region and between regions. Besides, from the factorial view, the study divides innovation disparity into the capacity-capital ratio, capital-labor ratio, innovation-personnel ratio, and capacity-personnel ratio.
This study chooses the Theil index spatial and factorial decomposition for the following reasons. First, the Theil index can be decomposed and added, which makes it possible to decompose the research object. In fact, it is a popular approach to apply the Theil index in measuring economic disparity [6] . Second, current research studies usually start with spatial or factorial dimensions to analyze innovation capacity. However, spatial and factorial decompositions enable us to discover potential reasons influencing innovation capacity and the degree to which they contribute. Specifically, the research investigates the mechanism that leads to China's regional innovation disparity, with consideration of differences in the space and factor scales. Third, conclusions regarding which spatial and factorial reasons influence the disparity innovation capacity offer implications for policymakers.
As for the innovation index, the study is based on the assumption that the high-tech industry is the most important part in a regional innovation system and is the best carrier of sci-tech and economic integration. Besides, their innovation level directly represents the maturity of the regional innovation capability and the regional innovation system. Thus, the study chooses to analyze China's regional innovation problem on the space and factorial levels. By constructing a method for measuring differences in regional innovation capability, analyzing the reasons, and finding a way to narrow such differences, some suggestions on policymaking will be offered to local governments.
The remainder of the paper is organized as follows. Section 2 reviews the literature on innovation capacity disparity. Section 3 provides an overview of the data and a number of descriptive statistics and describes the variables used in the Theil index model along with the theoretical framework. Section 4 analyzes the convergence of regional innovation capability difference variations based on the factors' decomposition. Section 5 presents the conclusions and discusses their policy implications.
Literature Review

Review of Regional Innovation Comparison
Because of the coupling of innovation resource endowment and the characteristics of administrative economic areas, innovation has obvious regional differences. These differences lead to a series of regional innovation comparisons. Research on regional innovation comparison can be divided into comparisons of (for instance) innovation structure, innovation efficiency, and innovation capacity.
Differences in regional innovation structure are reflected in the structural differences of sci-tech human resources and sci-tech funding sources in the input structure. The sci-tech manpower input structural difference is determined mainly by comparing regional differences in the proportion of R&D personnel input and sci-tech human resource input [7] and by the educational level in regional sci-tech manpower input [8] . The comparison of sci-tech funding sources mainly examines regional differences in the level of governmental funds supporting sci-tech input [9] and in enterprises' self-raised funds [10] .
As the research field matures, comparison of regional innovation difference is no longer confined to simple comparison of the innovation structure. Rather, it begins to explore the innovation efficiency comparison. Specifically, innovation efficiency comparisons specialize in approaches that estimate how far innovation inputs have been turned into outputs. In fact, since the dawn of the 21st century, a variety of parametric, non-parametric, and other comprehensive estimation efficiency methods have been introduced into the input and output fields, and this has made regional innovation efficiency comparison the new hotspot of the research [11] [12] [13] [14] [15] . In terms of non-parametric estimation, Qiao and Wang adopted the three-stage DEA and DEA-window analysis to evaluate the innovation efficiency [15] . From the perspective of parametric estimation, Cao and Yu improved the stochastic frontier analysis model by combining it with the projection pursuit model to analyze innovation efficiency and its affecting factors [16] . Some scholars combined parametric and non-parametric estimation-for instance, Wang et al. combined the stochastic frontier approach and the Malmquist method to estimate the innovation efficiency of China's provinces and analyze their differences [17] .
Literature on Regional Innovation Capacity Disparity
As stated previously, the literature focuses on innovation efficiency and innovation structure; however, innovation capacity should be highlighted in innovation disparity. Comparisons of innovation capacity focus on indices and factors influencing such ability difference [18] .
Regarding indices to explain the regional comparison of innovation, the literature presents a range of approaches. Patent output is generally used as a comparative index of regional innovation capability [19] [20] [21] . For example, based on the invention patent data from 1988 to 2008, Chen evaluates and compares the innovation potential of 31 provincial regions of China [19] . Except for patent applications, Cao and Qing focus on the new product output value of large and medium-sized industrial enterprises to measure regional innovation differences and find interregional differences, with differences in the eastern region dominating the total difference [22] . Some scholars focus on innovation input, output, and growth to reflect innovation capacity disparity. Gilman applied a series of data to compare the innovation input, output, and growth rates of the United States, Britain, Russia, Japan, Korea, Singapore, China, the European Union, and the Organization for Economic Cooperation and Development (OECD); he concluded that the world's innovation geography layout had changed and that China, along with some of its neighbors in Asia, will be the emerging growth region in the future [10] . Additionally, Wang et al. used the patent authorization ratio and duration of patents as measurement indices to investigate the innovation quality difference between some typical cites; however, they found that patent authorization could not be used to indicate innovation quality difference [23] . Considering that one or two indices are unable to reveal regional innovation ability, some scholars constructed an index system to study regional innovation [24, 25] . Liu and Li adopted sci-tech personnel and 13 other indices to analyze the disparity and trends in provincial innovation ability in China. They found that the eastern and western regions of China each played a significant role in the overall innovation ability disparity [24] . Huang and Yang constructed an evaluation index system of regional innovation capacity from the innovation input capacity, output capacity, diffusion, and environmental endurance [25] .
To analyze innovation disparity, we should not only focus on how to choose the appropriate index for analyzing innovation spatial disparity but also uncover the causes of these disparities.
The existing literature attempted to reveal what causes innovation disparity. First, scholars adopted various types of approaches to analyze innovation capacity spatial difference. Jiang analyzed different levels of regional innovation, as well as spatial and temporal evolution in China for 2001-2011, by adopting the method of exploratory spatial data analysis and multiple linear regression analysis [26] . Chen evaluated and compared the innovatio potential of 31 provincial regions of China with the help of a geographic information system [19] . Cao and Qin used the Theil coefficient model to measure the regional differences in patent applications and the new product output value of large and medium-sized industrial enterprises from 1990 to 2008; they concluded that interregional differences and differences in the eastern region dominate the total difference [22] . Xiao, Du and Dai adopts the coefficient of variation space Markov chains and spatial autocorrelation and other methods to analyze Chinese regional innovation differences [27] .
Second, as for "factors" influencing innovation ability disparity, scholars argued from different perspectives. In terms of the input perspective, foreign direct investment [28] and scale and productivity of the input [29] influence innovation capacity, while R&D investment and the number of related staff, namely, human input, are fundamental factors leading to this form of disparity [30] . From the industrial perspective, industrial clusters influence innovation capacity [31] . Feldman concluded that geographic clustering and the coordinating functions of a variety of supply factors play a significant role in this disparity [32] , while Scott and Storper believed that technological markets and social networks are crucial to the regional innovation ability [33, 34] . Starting from traditional disparity factors, Zhang concluded that supply-demand and policy and innovation interactions, which increase the returns of innovation on the spatial level and in the regional prime cost of innovation, are important reasons for China's spatial concentration of innovation activity [35] . Gao analyzed the effect of the use of patent documents on regional innovation and found the effect to be significantly positive [36] .
From the spatial perspective, scholars studied how regional innovation is affected by international technology spillover [37] and the spatial spillover effect of innovation [38] .
Besides, from the cultural perspective, Shao et al. found that inertia has a huge influence on innovative activities and that these are closely related to the local accumulation of culture [39] . Thus, a disparity in these factors would lead to regional innovation disparity. The administrative influence also influences regional innovation capacity. Different government interventions will have various impacts on regional innovation [40, 41] .
Methods and Data Summary
Regional Innovation Capability Difference Measurement Method and Decomposition
Nowadays, there exist several measurement methods for regional development difference, including the Gini index, Ricci-Schutz correlation coefficient, Theil index, variation coefficient method, etc. This study selects the Theil index to decompose research objects. Since this method is mature and can be looked up in the literature, its merits are considered here only briefly.
Assume Y ij is the innovation capability of j province in i district, so the sum of the research object is
and that of the total population is
where N ij is the population of j province in i district.
Then, the Theil index of regional innovation capability difference is
Meanwhile, the Theil index can be decomposed into within-group (T WR ) and between-group (T BR ) as
and the difference of i district T Pi is
The difference of all regions is
The traditional Theil index decomposition just analyzes the contribution degree of the spatial factor acting on the difference [42] . By drawing lessons from the idea behind the Theil index, we can analyze the degree of the contribution made by each factor to the regional innovation capability difference from the aspect of total factors. According to the regional innovation production function proposed by [43] , the main factors affecting innovation capability are capital input and manpower input. C ij and H ij are, respectively, the innovation capital input and innovation manpower input of j province in i district, so C and H are, respectively, total capital input and total manpower input. Then, the Theil index can be decomposed as
is the deviation degree of innovation capability and capital input, which could be deemed as the effect innovation capital input has on the regional innovation capability difference.
is the impact the proportion of regional sci-tech personnel has on the regional innovation capability difference.
H ij /H ) is the impact innovation manpower input has on the regional innovation capability difference.
Index Selection and Data Source
Selection and Preprocessing of the Statistical Index
On the theme of measuring China's regional innovation capability difference, according to the previous equations and Theil index decomposition, the invention patent is usually selected to represent regional innovation capability [44] . However, the nature of innovation should not be limited to sci-tech output but should also include sci-tech economic behavior capability. This capability is whatever puts the sci-tech achievement into practice and generates economic and social value. Based on this, this study preprocesses the regional hi-tech industry invention patent (P) and new products' gross sales (G) and then constructs a compound index to represent innovation capability. The calculations are as follows:
(i) Smooth process of the new product value. To eliminate the influence of price on new product value, while considering that price fluctuations in China have certain regional differences, the consumer price index for each year in each district is selected as the smooth coefficient, and 1998 is chosen as the time point in constant prices. (ii) Dimensionless process of the index. To eliminate the dimension differences and preserve data information, the study, respectively, selects the proportion of invention patent authorization in the whole country and the proportion of new product value, instead of the initial index. (iii) Consider the weighted average of the two preprocessed indices as regional value Y.
When selecting the regional population index, most literature generally applied the population index in the region [45, 46] . However, the statistical caliber of this index in China's statistical yearbooks is based on hukou instead of permanent residents, which obviously results in a deviation in calculating the regional development difference (since China has great regional differences and high floating population in the regions, if we calculate the regional population just by hukou, the contribution of the floating population to regional economic development will obviously not be reflected). Thus, instead of the population index, we select the quantity of hi-tech industry practitioners for the following reasons. First, the statistical caliber of practitioner quantity can avoid the limitation of hukou and can truly reflect the scale of industrial development in the region. Second, this study analyzes the problem from the industrial perspective, and selecting the quantity of hi-tech industry practitioners is compatible with this perspective. Similarly, to eliminate differences in unit measurement, N is the percentage of hi-tech industry practitioners over the total population.
For the capital input index, commonly adopted indices include R&D expenditure, expenditure on introduction of new technology, etc. We focus on the regional innovation capability, and its core value is R&D activity. Moreover, R&D activities in the sci-tech field are total activities that relate to increasing total knowledge, developing new applications by adopting such knowledge, and conducting basic research to apply research and experimental development [47] . Hence, selecting R&D activity is optimal. Meanwhile, as Griliches and Wu pointed out, R&D activity has a continuous impact on knowledge production, so R&D stock should be selected to replace the current input [30, 48] . Referring to the calculation by Wu (2008) , the equation of R&D capital stock is
where K it is the R&D capital stock of i province in t period, E it is the R&D expenditure of the current period, and δ is the depreciation rate. Based on this, the calculation of R&D capital stock still needs to be deflated to calculate R&D stock in the base period. On the one hand, the deflation of R&D input follows the same method and process of new product value deflation in order to ensure the consistency this study aims for in dealing with the value index. On the other hand, the designed calculation equation of R&D stock (to be consistent with the research period of the article, 1998 was selected as the base period) in the base period is
where g is the average growth rate of all the periods (K) before the base period. In this study, the average growth rate of 5% is the one commonly used in references [12] . Existing literature often set δ at 15% or 25%, and considering [49] , δ is set at 15%. The reason is that we should consider that internationally a 25% depreciation rate is commonly set in light of patent data. However, in China, the situation in relation to setting the range and statistic caliber of patent data is quite different from international standards (in China, patents also include the utility model and appearance design, apart from invention patent itself). C is the percentage of calculated R&D capital stock of all regions over national capital stock. Finally, manpower input selects the internationally commonly used statistic indicator of R&D activity personnel equivalent to the full-time equivalent, as it reflects the sum workload of R&D full-time personnel (the cumulated working hours of staff who are engaged in R&D activities for the full-year account for 90% or above) and reflects the workload of part-time personnel, which is converted by the actual working hours. Referring to the previous context, H is the percentage of the R&D activity personnel of all regions who are equivalent to full-time personnel across the country.
Data Source
The relevant statistical data used in this study are from the China Statistic Yearbook, China High-tech Statistical Yearbook, and China Statistical Yearbook on Science and Technology. Considering the availability of data and the functioning cycle of the economy (especially the western development strategy), the revitalization plan for northeast China, and the middle-rise strategy that has been implemented by the Chinese government since 1998, the research period is set from 1998 to 2013. The study follows the categorization of China's regions in the China Statistic Yearbook (2014)-namely, eastern, middle, western, and northeastern. The eastern region includes Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, and Hainan; the middle region, Shanxi, Inner Mongolia, Anhui, Jiangxi, Henan, Hubei, and Hunan; the western region, Guangxi, Chongqing, Sichuan, Guizhou, Yunnan, Shaanxi, Gansu, Qinghai, Ningxia, and Xinjiang; and the northeastern region, Liaoning, Jilin, and Heilongjiang. As the data for Tibet are deficient, Tibet is not considered here (apart from Tibet, values of "0" were adjusted to "0.001" in this study to avoid the situation of operating no solution).
Regional Innovation Capability Difference, Evolution, and Decomposition
The Evolution Trend and Spatial Factor Decomposition of the Regional Innovation Capability Difference
Using the correlation equation of the Theil index to calculate the evolution trend of China's regional innovation capability difference (Figure 1 ) in the period of 1998-2013, we can divide the evolution trend over these 16 years into two stages. The first stage is 1998-2006, during which the Theil index shows cyclical fluctuation, and the fluctuation cycle approximates every three years; the second stage is 2007-2013, during which the Theil index decreases year after year from 0.215 to 0.090, and the regional innovation capability difference shows a shrinking trend year by year. This means that a series of regional equilibrium strategies and reforms in the sci-tech system have had positive effects on the collaborative promotion of regional innovation capability.
After analysis from the spatial perspective, the regional innovation difference can be decomposed into T WR and T BR . Table 1 provides the calculated values of these two and their contribution ratio to regional difference. In conjunction with Figure 1 and Table 1 , it can be seen, in one aspect, that the within-group difference of China's regional innovation capability remained relatively stable after 2004 and that the general trend was declining while fluctuating. Moreover, the average T BR for over 10 years was 0.0261; in another aspect, we can see that the evolution trend of the between-group difference was highly consistent with the evolution of China's regional innovation capability difference, and the annual within-group difference was greater than the annual between-group difference. Furthermore, T WR presented a rapid declining trend after 2007, which was the main reason for the narrowing of China's regional innovation capability in this period.
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relatively stable after 2004 and that the general trend was declining while fluctuating. Moreover, the average BR T for over 10 years was 0.0261; in another aspect, we can see that the evolution trend of the between-group difference was highly consistent with the evolution of China's regional innovation capability difference, and the annual within-group difference was greater than the annual betweengroup difference. Furthermore, WR T presented a rapid declining trend after 2007, which was the main reason for the narrowing of China's regional innovation capability in this period. Analyzing from the contribution perspective, the general trend is that the Theil index's contribution of the within-group difference to China's regional innovation capability is less than that of the between-group difference, although heterogeneity does exist in different periods. In the years 1998-2003, while the contribution of the between-group differences dropped from 41.07% to 34.00%, the average contribution degree reached 38.02%; in the period of 2004-2009, the contribution degree of the within-group difference made by the Theil index was about 10%, and the average contribution degree was just 11.39%. The contribution of the within-group difference was 7.8 times that of the between-group difference. In 2010-2013, the contribution degree of the within-group difference rose substantially from 24.54% to 31.08%, and the average contribution degree of the between-group difference and within-group difference was, respectively, 30.25% and 69.75%. These data illustrate Analyzing from the contribution perspective, the general trend is that the Theil index's contribution of the within-group difference to China's regional innovation capability is less than that of the between-group difference, although heterogeneity does exist in different periods. In the years 1998-2003, while the contribution of the between-group differences dropped from 41.07% to 34.00%, the average contribution degree reached 38.02%; in the period of 2004-2009, the contribution degree of the within-group difference made by the Theil index was about 10%, and the average contribution degree was just 11.39%. The contribution of the within-group difference was 7.8 times that of the between-group difference. In 2010-2013, the contribution degree of the within-group difference rose substantially from 24.54% to 31.08%, and the average contribution degree of the between-group difference and within-group difference was, respectively, 30.25% and 69.75%. These data illustrate that the main reason for the unevenness in China's regional innovation capability is the imbalance in innovation capability of the four regions (eastern, middle, western, and northeastern). Thus, reducing the within-group difference is the primary method to narrow down regional innovation capability difference and promote regional innovation capability development.
Further, we refine from within-group the eastern, middle, western, and northeastern regions. As depicted in Table 1 , the regional innovation capability difference of the northeastern region was the smallest, as its Theil index average was 0.056. The eastern region ranked second, with an average of 0.1013, followed by the western region with an average of 0.1347. The middle region had the largest difference, as its Theil index average was 0.1894. From this, we may divide the Theil index trends of the eastern and northeastern regions into two stages. The first stage is from 1998 to 2007, when the Theil index of the eastern region rose in waves, but the northeastern region declined with fluctuations. The second stage is 2007-2013. During this stage, by contrast, the eastern region declined, while the northeastern region rose in waves. The Theil index of the middle and western regions did not show the obvious characteristics of convergence and divergence. However, the trends are relatively stable after 2008, with the middle region presenting the divergence trend and the western region gradually showing a trend of convergence in regional innovation capability. Comparing their Theil indices with those of northeastern and eastern regions, we believe that the Theil indices in the middle and western regions fluctuate on a high level, which indicates that their contribution to China's regional innovation capability difference is far beyond those of the eastern and northeastern regions.
The Factors' Decomposition Analysis of the Regional Innovation Capability Difference
The within-group difference is the main factor leading to regional difference from the spatial perspective, but the essence of regional innovation capability should still adhere to the operation law; that is, it should be factor-driven. After analyzing the contribution of the factors to the regional innovation capability difference from the perspective of factors, according to Equation (5), we decompose the Theil index of regional innovation capability difference into innovation capital factor T PC , innovation culture factor T PE , and R&D manpower factor T PP . (The proportion of R&D personnel in the hi-tech industry reflects the degree of recognition of innovation. However, what underlies the degree of recognition of innovation is innovative behavior, which itself results from a culture of innovation that drives innovation, subject to the external environment. Thus, we may believe that this index represents the innovation cultural factor.) Their dynamic variation rule can be seen in Figure 2 . From Figure 2 , we may find that both T PC and T PP showed a decreasing trend, while T PE showed the obvious increasing tendency. However, their relationship with each other and with the Theil index of regional innovation capability had no general correlation. The inflection point of T PC appeared in 2002 and 2007, and its evolution trend first decreased, then fluctuated and decreased again; T PE showed a monotonous increasing tendency that was relatively stable, and 2007 was the turning point from "negative" to "positive". T PP had two obvious cycles. The first cycle was from 2000 to 2006 with its index decreasing from 0.3039 to 0.1997 in a parabolic fashion. The second cycle was from 2007 to 2013, with its index decreasing gradually from 0.2553 to 0.0568. Analyzing their economic significances, the Theil index average contribution rates of T PC , T PE , and T PP in this entire study period were 64.57%, −46.53%, and 146.53%, respectively, which indicates that innovation capital and R&D human resource input are the dominant factors of regional innovation capability difference. After 2007, the contribution level of innovation capital and innovation culture to regional innovation capability difference remained stable, with the average contribution rate of innovation capital and culture being, respectively, 43.17% and 4.19%.
To find the deeper reason for regional innovation capability difference, it is necessary to narrow the space scale. For this reason, Equation (5) is applied to calculate the impacts that relevant factors from the four internal regions have on innovation capability difference (Table 2) . Judging from the general trend, except in the northeastern region, T PC and T PP in the other regions showed a fluctuating decreasing tendency, and T PE presented a fluctuating increasing trend. Compared with this, the fluctuation of T PC , T PE , and T PP in the northeastern region was relatively flat. Specifically, T PP was the main reason for the fluctuations in the eastern region's innovation capability difference during 1998-2008. The contribution of T PC , T PE , and T PP to regional innovation capability difference fluctuation shows a convergence trend after 2008, illustrating that the leading factor of innovation capability difference fluctuation in the eastern region has shifted from the R&D manpower factor to a combination of capital, culture, and R&D manpower factors. In the middle region, T PC and T PP were the main causes of fluctuation in regional innovation capability difference before 2008, but the leading factor changed to T PE after 2008. This shows that innovation culture is the leading factor enlarging the regional innovation capability difference of the middle region. However, the fluctuation in innovation capability difference of the western and northeastern regions was always co-led by T PC and T PP in this research period, which indicates that the capital and R&D manpower factors were the core factors determining the regional innovation capability difference fluctuation in these two regions over the 16 years. It also indicates that the contribution of these two factors to the two regions' innovation capability difference was relatively stable. To find the deeper reason for regional innovation capability difference, it is necessary to narrow the space scale. For this reason, Equation (5) is applied to calculate the impacts that relevant factors from the four internal regions have on innovation capability difference (Table 2) T and PP T in this research period, which indicates that the capital and R&D manpower factors were the core factors determining the regional innovation capability difference fluctuation in these two regions over the 16 years. It also indicates that the contribution of these two factors to the two regions' innovation capability difference was relatively stable. T PC  T PE  T PP  T PC  T PE  T PP  T PC  T PE  T PP  T PC  T PE  T 
Convergence Research on the Factor Decomposition of Regional Innovation Capability Variations
By analyzing the Theil index, we may draw the following conclusions. From the national perspective, the differences in China's regional innovation capability were gradually decreasing from 1998 to 2013, especially after 2007. However, from the regional perspective, the three regions other than the middle region showed a certain tendency to converge. Does Chinese regional innovation capability fluctuation really show the characteristics of convergence? If so, what type of convergence might it be-global absolute convergence or club convergence? Which factors that affect regional innovation difference push the convergence of regional innovation capability? Answering these questions will help the country understand the role of innovation capability factors in regional collaborative innovation from the macro level, and it will provide some theoretical suggestions for the Chinese government to formulate a regional innovation policy. These are questions this study aims to resolve. The next part connects the regional innovation capability variation and factors' decomposition to innovation convergence, focusing on the role of the innovation capital factor, R&D manpower factor, and innovation cultural factor in innovation capability convergence.
Construction of the Spatial Panel of the β Convergence Model
The most common convergence forms are σ convergence and β convergence. Since innovation has certain characteristics of agglomeration and spillover [4] , adopting the β convergence model, which considers spatial effect, is more suitable. Chen, Pan, and others have applied the spatial econometric approach to study the problem of Chinese regional innovation convergence [2, 50] ; however, there are two shortcomings in the current studies. One is that the design of the spatial weight matrix W, which is based on the adjacency relation, is not in accordance with the multi-dimensional condition of knowledge spillover. According to the perspective of Boschma [51] , knowledge spillover should not only consider the adjacency relation, because the adjacency relation itself is neither the necessary nor the sufficient condition of spillover formation; therefore, other adjacent dimensions must be enhanced to promote knowledge spillover. The other shortcoming is lack of analysis of the impact each contribution factor of innovation capability has on convergence. Thus, to conduct an overall investigation of the mechanism of regional innovation capability convergence, this study combines the modeling approach of β convergence with the spatial panel model and builds a convergence model (since innovation involves qualitative change, the unobservable individual effect generally has spatial autocorrelation, which is why this study chooses KKP as the fundamental model.) based on the KKP model (Kapoor, Kelejian and Prucha model) [52] . The specific model (Model Y) is as follows:
In Equation (8), I T is the identity matrix; W N is the spatial weight matrix; Y i,t is the regional innovation capability of i region in t period; and α 0 , λ, ρ and β are parameters to be estimated. If β < 0, convergence will exist in regional innovation capability. λ and ρρ represent different types of space effects whose numerical magnitudes reflect the strength of the space effects.
When researching the impact each factor has on regional innovation capability convergence, we refer to related research ideas [53] . Based on Equation (8), we apply ln
(model H), and ln
to measure the roles the innovation capital factor, R&D manpower factor, and innovation culture factor play in regional innovation capability convergence.
To ascertain the spatial weight matrix W N , Wang proposed four dimensions (geographic distance, economic distance, technology distance, and industrial distance) and their calculation methods [54] . Combined with the research object, the spatial correlation of regional innovation capability presents innovation spillover, which shows the typical "first law of geography". It is also affected by the regional absorptive capacity, which consists of the comprehensive results of regional economic development, R&D input, talent reserve, and other factors. However, according to the personnel classification effect in the new-new economic geography theory, regional economic development is the first factor of regional absorptive capacity because excellent talents tend to work in developed areas based on benefit maximization; hence, we apply the complex index, which is the average index of geographic distance and regional economic development level, to reflect the spatial correlation of regional innovation capability. Its calculated equation W N is as follows:
where GDP j is the GDP average of j region in the calculation period, and d ij is the straight-line distance between the provincial capital of i region and the provincial capital of j region (the straight-line distance of the capitals between the regions is calculated using a program provided by the website www.jisuan.info). W N is standardized according to row. On selecting an estimation method and model, this study chooses to use maximum likelihood estimation, considering that applying the method of ordinary least squares will result in bias in the estimation results because of spatial correlation in the estimation model. The first step is to calculate Φ (Φ = σ 2 µ /σ 2 ε , σ 2 µ and σ 2 ε are the variance of random error term µ and ε in Equation (8)). We ascertain the optimal equation model by judging the magnitude and significance of Φ. If Φ can pass the significance test, it means the significance of σ 2 µ is not equal to 0, so that we should choose the random effects regression equation as the interpretation equation [55] ; and if it cannot pass the significance test, the fixed effect regression equation is much better. Based on this, we further analyze the models of individual fixed effect, time fixed effect, and dual fixed effect. By judging the effectiveness and goodness of fit, the optimal equation is chosen as the interpretation model for this study.
Analyses of Empirical Results
Through the spatial data analysis software in R language, including packages of splm, spam, spdep and others, this study conducts parameter estimation on Equation (8) and its alternative factors' econometric model (Table 3) .
We can draw some conclusions from the results of the parameter estimation. From the national perspective, China's regional innovation capability increase presented a slower convergence in 1998-2013, and this convergence was not significant. Moreover, only the capital factor drove the slow convergence in regional innovation capability increase, but it was not significant. Taking the influence of regional heterogeneity into account, we need to reduce the space scale to conduct further research. From the regional perspective, the internal space correlation coefficients of the eastern, middle, western, and northeastern regions were approximately 0 and not significant, which means that the KKP model as well as its estimation method were not suitable in analyzing the regional convergence of innovation capability from a regional perspective. Thus, to analyze innovation capability convergence from the regional perspective, this study adopts the panel data model and chooses the optimal model from the random effect model and fixed effect (time fixed effect, individual effect, and dual-fixed effect) using the Hausman test and the index of goodness of fit (Adjusted R 2 ). From the estimation results (Table 3) , the regional innovation capability increase of the eastern, western, and northeastern regions presented a significant convergence, while convergence in the middle region was slower and not significant. This means that the club convergence situation does exist in the increase of China's regional innovation capability, since the regional economic development and regional innovation environment have great differences stemming from China's large geographical size. Analyzing from the factor perspective, capital and manpower factors play a positive role in the innovation capability convergence of the eastern, western, and northeastern regions. However, the convergence of the middle region will be triggered by the local innovation culture. Note: The symbol of ***, ** and * indicates 1%, 5% and 10%, respectively. Due to the limited space, the process of selecting optimal model is omitted. Note: (1) The symbol of ***, ** and * indicates 1%, 5% and 10% respectively. Due to the limited space, the process of selecting optimal model is omitted. (2) Since N>>T and T is relatively smaller, space random effect model is selected to avoid the far loss of degree of freedom [55] . Due to the limited space, the process of selecting optimal model is omitted.
Combining Figures 1 and 2 , we performed further research on the convergence of regional innovation capability changes after the inflection year of 2007. Its estimation method and strategy of choosing an optimal model are consistent with the description in the paragraph above where the study analyzes innovation capability convergence from the regional perspective, and the results are presented in Table 4 . From the national perspective, China's regional innovation capability increase during 2007-2013 presented a significant convergence with the speed of 0.102, which is obviously faster than that in the period of 1998-2013. This illustrates that the coordinated strategy for developing China's regional innovation capability has achieved a lot since the Eleventh Five-Year Plan. However, 29.8 years are still required to approach half the degree of convergence. From the perspective of the contribution made by convergence factors, the capital and culture factors played a prominent role in regional innovation capability. From the regional perspective, the four regions presented a significant convergence tendency in those seven years, especially in the convergence speeds of the middle, western, and northeastern regions. These were, respectively, 0.821, 1.343, and 1.443, or 4.1 times, 6.7 times, and 7.2 times the speed of the eastern region. From the perspective of factor contribution, innovation capital, R&D manpower, and innovation culture factors made positive contributions to innovation capability convergence in every region, apart from the middle region. In the middle region, only the capital factor drove the convergence.
Further Analysis of the Results
Analyzing from the perspective of spatial relations, the increase in regional innovation capability has significant spatial correlation from the perspective of a country. The λ and ρ values of all the models in the four regions nearly approximated to 0 and are not significant, which illustrates that the interaction of the inter-regional capability increase with innovation factors in the four regions was weak. Considering the theoretical basis of constructing W N , we hold the view that China's current inter-regional cooperation on innovation extends across a wide range. There are two aspects to this cooperation. The first aspect is the sci-tech cooperation phenomenon known as "flowers blossom inland, weeds yield fruit in the coastal region". Although the inland area possesses solid strength in basic research, the related system in the downstream stage of the innovation value chain is far behind the pace of basic research, which results in the economic value of sci-tech achievements in the coastal area. Thus, the "hang upside-down" pattern of income distribution has been formed.
The second aspect is the supportive relationship of inland and coastal innovation cooperation. The channel of innovation spillover is not determined simply by geographic location, but by industrial transfers in which the eastern region drives innovation upgrades in the western and northeastern regions. However, due to the similarity of industrial structure, especially the homogeneity of innovation source layout and the competitive relationship of government performance assessment, the innovation spillover of each internal province in the eastern, middle, and western regions was not significant, which indicates that the cooperation mechanism on inter-regional innovation in the four regions is unsound and the linkage effect of cooperation is not significant.
From a dynamic perspective, after minifying the time scale, the convergence significance and convergence speed of China's regional innovation capability have evidently been enhanced, both from the national and regional perspectives, which indicates that the convergence level of China's regional innovation capability has been greatly improved since 2007. Taking the characteristic "time lag" of innovation input into account and comparing China's sci-tech innovation development environment and policy changes in the period of 1998-2005 with those in the period of 2005-2013, we believe that the new round of national and local independent innovation capability construction since 2006 (especially after implementation of the Medium-and Long-Term Science and Technology Plan of China) has had a positive effect on enhancing inter-regional innovation capability collaborative promotion. Combining this with the research objective of this article, we think that the supportive policy toward new strategic industries in sci-tech not only helps build an innovative region but also drives the promotion and balanced development of regional innovation capability through innovation-driven strategy, which has a profound influence on strategies for harmonious inter-regional development. Analyzing from the spatial and factorial perspectives, we draw the following conclusions. (i) Taken as a whole, the function of the capital factor and the innovation culture factor on driving the balanced development of China's regional innovation capability is being strengthened. The Theil index capital factor in particular has presented a steady downward tendency since 2007. This indicates that a series of balanced investment layouts and industry transfer, as well as sustained local government investment in sci-tech input, have been good for reducing regional innovation capability difference in China. It also indicates that the capital factor has been the first factor in pushing forward regional coordinated development. (ii) From the regional perspective, the roles of the factors of capital, R&D manpower, and innovation culture, which have had an effect on the club convergence of innovation capability, have shown an increasing tendency everywhere except in the middle region. However, the labor factor does not have a distinct impact on regional innovation capability convergence at the national level. This may be because of the regional heterogeneity of R&D human resources in the eastern, middle, western, and northeastern regions. Actually, since economic development, research culture, and management level have differences, our regional sci-tech talents have shown regional difference in both quantity and structure. For example, the quality and quantity of sci-tech talent reserves in the eastern region are far higher than those of the reserves in the middle and western regions. However, the talent structure in the middle and western regions is unbalanced as well, and in some provinces, such as Hubei, Shanxi, and Sichuan, the talent reserve is relatively concentrated. This may be the main reason for the convergence differences of the talent factor in the two hierarchy models.
Conclusions and Suggestions
This study analyzes the pattern, evolution trend, and convergence of China's regional innovation capability difference during 1998-2013 from the national and regional scales, and analyzes the impact of the factors of innovation capital, R&D manpower, and innovation culture on the regional innovation capability development pattern and on its convergence from the factor perspective. The empirical study yielded four conclusions. (i) The difference of China's regional innovation capability has gradually declined, and within-group makes a great contribution to the difference. However, the β convergence of regional innovation capability was not obvious during 1998-2013. (ii) The differences of capital input and R&D manpower input are the main factors of regional innovation capability difference; the contributions of the three factors to the innovation capability of China's four regions (eastern, middle, western, and northeastern) are quite different. Moreover, there is a certain relationship between innovation capability promotion and the internal and external development environment of innovation capability. (iii) Although China's regional innovation capability does not have global convergence, it had club convergence during 1998-2013. Innovation capital and R&D human resources make a significant contribution to club convergence. (iv) The year 2007 is the important inflection point for the pattern of China's regional innovation capability difference. Each regional innovation capability has increased rapidly, and the pace of backward regions is increasing, and they are catching up with the leading regions. Meanwhile, as space heterogeneity characterized innovation talent, its impact on the convergence of innovation capability from the national perspective is not the same as that from the regional perspective.
To promote China's regional coordinated development in accordance with these analytical conclusions, we make the following political suggestions from the perspective of innovation.
i.
The operational idea of regional innovation system construction, that is, government leadership, enterprise participation, sci-tech innovation, and industry realization, should be insisted upon. The change in the convergence speed of China's regional innovation capability difference shows that a lot has been achieved through the development idea, which is, through the central and local governments adopting the regional innovation policy and regional innovation layout to promote regional enterprise technology, achieve regional industrial upgrades, and realize inter-regional collaborative innovation. Thus, we should stick to the policy system of regional innovation system construction that has been implemented since China's eleventh Five-Year Plan to drive enterprise technology upgrades and high-tech industrialization through government design and policy guidance. We should also strive to achieve the sci-tech progress-led multi-regional innovation development pattern. ii. System obstacles to knowledge factor mobility should be reduced, and the regional absorptive capacity should be strengthened to promote regional knowledge spillover. All the cities in the four regions should grasp the opportunities offered by the regional integration development strategies being implemented nationally: the Coordinated Development of Beijing-Tianjin-Hebei, Integration of the Yangtze River Delta, Silk Road Economic Belt, and the Yangtze River Economic Zone, among others. They should consider setting up specialized agencies to make plans for regional innovation development in order to guide each region in innovative economic construction, promote rational innovation factors such as mobility, and improve the efficiency of innovation resource allocation through innovation factor mobility driving inter-regional knowledge spillover. iii. The source channels of sci-tech input need to be broadened, and the sci-tech input system with its regional innovation chain needs to be improved accordingly. Since the capital factor plays a boosting role in regional innovation capability convergence, all the regions should still attach great importance to improving capital input and financing innovation capability through multiple channels. To support regional innovation capability construction, we may also consider reducing the risk of investors when investing in innovation. We may consider attracting more investors to join the investment in the innovation lifecycle through the leverage effect of magnifying fiscal sci-tech investments, including construction of institutions, investment diversification, designation of investment income-sharing mechanisms, and others. iv. The middle, western, and northeastern regions should tailor measures to suit local conditions and give overall consideration to the fundamental work construction of innovation talent, innovation culture, and innovation industry to lay a good foundation for narrowing the innovation difference with the eastern region. We can consider selecting cities in the middle, western, and northeastern regions, such as Wuhan, Chongqing, Chengdu, Xi'an, or Harbin, as regional innovation centers. We can strengthen the hatching efforts of the regions, especially their exploration of the economic value of innovation achievements and their construction of a regional provincial innovation fragmentation system with a clear division of labor and moderate competition, to foster an innovation cooperation system and improve the inter-regional innovation cooperation effect.
